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Abstract. Federated learning (FL) has emerged as a key paradigm for
collaborative cancer subtyping classification, which enables the develop-
ment of diagnostic models across distributed institutions while preserving
data privacy. Despite the emergence of federated approaches, their per-
formance is often constrained by the assumption of a unified label space,
which fails to account for the heterogeneous diagnostic criteria encoun-
tered in real-world multi-center collaborations. To address this, we pro-
pose FedGMA, a framework designed for federated domain generaliza-
tion under disjoint semantics. Our method introduces generative anchor-
based semantic decoupling (GASD), which projects latent prompts into
task-specific geometric coordinates to decouple feature learning from lo-
cal label definitions. We further propose geometric consistency regular-
ization (GCR) to regularize the latent space using a memory bank, ensur-
ing representational compactness and separability under limited batch
sizes. To evaluate our approach under heterogeneous label spaces, We
construct a large-scale benchmark with 4,796 whole slide images across
8 cancer types. FedGMA achieves 76.42% average AUC, outperforming
the state-of-the-art by 4.96% on unseen target domains. Code is available
at https://github.com/BioMedIA-repo/fedGMA_pan_cancer!

Keywords: Federated Domain Generalization - Heterogeneous Label
Spaces - Cross-cancer Subtype.

1 Introduction

Robust computational pathology algorithms rely on diverse, large-scale datasets
for clinical-grade performance, yet privacy regulations prohibit centralizing sen-
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sitive patient records. Federated learning (FL) resolves this dilemma by enabling
collaborative training without data sharing, allowing models to learn from global
distributions while keeping data local. Previous studies [8}/13}{14L[16l26] have suc-
cessfully applied FL to pathology datasets for segmentation and classification,
effectively handling scanner-induced domain shifts through aggregated model
updates. These approaches demonstrate that collaborative learning narrows do-
main gaps from image acquisition differences, establishing FL as the prevail-
ing paradigm for multi-center pathology analysis.Even recent advances such as
FedDFP |2] and FedHD [9], which improve communication efficiency and model
heterogeneity tolerance via deep feature prompts and feature distillation respec-
tively, inherit this assumption of a shared label space.

However, general FL methods |10L[{18}[21] predominantly assume a unified la-
bel space across all clients. This premise fails to account for real-world pan-cancer
collaborations, where specialized centers utilize heterogeneous label spaces. These
spaces consist of disjoint category sets that are specific to local diagnostic tasks
and distinct from multi-label classification. Although multi-task and personal-
ized FL approaches [12,/20,23] can accommodate such disjoint tasks, they prior-
itize optimizing client-specific performance for personalization rather than con-
structing a universal representation for unseen target domains. Such a localized
objective misaligns with the pan-cancer ambition of developing diagnostic tools
capable of adapting to new or rare cancer types. From a technical perspec-
tive, these methods rely on static classification heads tightly coupled with the
shared feature extractor. Aggregating gradients from these semantically conflict-
ing heads induces interference in the representation learning process by forcing
the encoder to resolve contradictory optimization directions. Consequently, such
aggregation precipitates negative transfer [25]|, where the global model overfits to
local label semantics instead of capturing generalized pathological features essen-
tial for unseen domains. Prototype-based and anchor-based decoupling methods
such as FedSA [27] and FedLSA 3] follow a similar spirit. They replace averaged
prototypes with learnable semantic anchors to mitigate classifier conflicts, yet
these anchors remain class-indexed. When each client diagnoses an entirely dis-
tinct set of cancer subtypes, no shared class-level correspondence exists to serve
as an anchoring target.

To bridge this gap, we draw the insight from recent pathology foundation
models |1,[22] revealing that distinct cancer types share fundamental histomor-
phological primitives invariant across organs [4]. Based on this, we hypothesize
that generalizable learning hinges on disentangling feature geometry, defined
as the intrinsic topology of histological patterns, from site-specific semantics
derived from disjoint local labels. By shifting the optimization objective from
fitting local labels to constructing a coherent feature geometry, a global model
can capture universal pathological representations without requiring a unified
label space. We instantiate this principle through a shared hypernetwork that
synthesizes generative anchors from semantic-free latent codes, guiding feature
alignment toward morphological rather than semantic targets.
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Driven by this insight, we propose federated geometric metric adaptation
(FedGMA), a framework that unifies feature geometry across disparate cancer
types. By leveraging pan-cancer histomorphological invariants, FedGMA facili-
tates robust adaptation to unseen target domains under the challenging setting
of FedDG with heterogeneous label spaces. To decouple representation learning
from conflicting local labels, we introduce generative anchor-based semantic de-
coupling (GASD). In this module, a shared hypernetwork transforms semantic-
agnostic latent prompts into client-specific geometric anchors. Since these an-
chors derive from noise rather than clinical metadata, they serve as pure ge-
ometric reference points. Aligning features with these semantic-free references
effectively circumvents site-specific label conflicts, reframing classification as a
geometric registration problem. Furthermore, to prevent feature collapse under
limited batch settings, we propose geometric consistency regularization (GCR).
GCR utilizes a memory bank to retrieve historical features as negative samples,
explicitly prompting intra-class compactness and inter-class separability, thereby
preserving the discriminative topology of the learned feature space. Our main
contributions are summarized as follows:

— We introduce generative anchor-based semantic decoupling (GASD), a para-
digm where a shared hypernetwork synthesizes consistent geometric anchors
from latent prompts, enabling discriminative learning without encoding con-
flicting local label semantics.

— We propose geometric consistency regularization (GCR) to stabilize opti-
mization under limited batch constraints. By retrieving historical negatives
via a memory bank, GCR actively enforces feature compactness and sepa-
rability within the generated metric space.

— We construct a large-scale pan-cancer benchmark spanning 8 disjoint sub-
types across 4,796 WSIs. Extensive experiments demonstrate that FedGMA
significantly outperforms state-of-the-art baselines on unseen target domains.

2 Dataset Collection and Benchmark Construction

To systematically evaluate federated domain generalization in highly heteroge-
neous environments, we construct a standardized benchmark using multi-source
WSIs. Following the cancer subtype selection strategy of CPath-Omni [19], we
focus on the same eight major cancer types (RCC, NSCLC, BRCA, UCEC,
THCA, ESCA, BLCA, TGCT). Fig illustrates the histological subtype dis-
tribution within each cancer site. We preprocess all WSIs using the CLAM
pipeline |15] to standardize the input for our model, employing HSV thresh-
olding for background removal and 10x patch extraction.

To construct the federated environment, we assign each cancer subtype to an
independent client to simulate extreme data heterogeneity inherent in real-world
clinical scenarios. Formally, we consider a system with K = 8 sites, where the
k-th site holds a local dataset D, = {(xi,yi)}Nkl of WSIs with labels y; € V.

1=

A critical characteristic of this benchmark is the complete mutual exclusivity of
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label spaces, such that for any two distinct sites ¢ and j, the intersection of their
label sets is empty, ; N Y; = 0. This configuration challenges the conventional
assumption of shared label spaces in federated learning and provides a rigorous
testing ground for validating model generalization on unseen target domains.
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Fig. 1: The framework of FedGMA and the architecture of the client model.

3 Methodology

3.1 Overall FedGMA Framework

The proposed FedGMA framework is illustrated in Fig[l] The overall federated
pipeline (Fig) coordinates collaborative learning across heterogeneous clients
to generalize to unseen target domains. Specifically, the local training process
(Fig[lb) optimizes the shared encoder and hypernetwork via generative anchor-
based semantic decoupling (GASD) and geometric consistency regularization
(GCR), learning a pan-cancer geometric space. Subsequently, the server aggre-
gates the updated encoder and hypernetwork parameters via weighted averaging
proportional to local dataset sizes. The aggregated global model is then broad-
cast back to the clients for the next round of local updates, completing the
federated training loop.

During the generalization phase, the final global model is transferred to un-
seen target domains for fine-tuning, where the learned geometric priors enable
rapid adaptation with minimal semantic drift. To ensure framework consistency,
the fine-tuning objective strictly aligns with the federated training loss.
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3.2 Generative Anchor-Based Semantic Decoupling

To circumvent the systemic constraint where label spaces are disjoint across
medical institutions, we establish a decoupling paradigm that separates feature
extraction from specific label semantics. Instead of optimizing a fixed classifi-
cation matrix, the framework learns a universal mapping function that projects
semantic-free priors into discriminative feature representations. For client k with
N, WSIs, we first initialize a matrix of static latent prompts C*). This matrix
is constructed to satisfy strict orthogonality constraints, ensuring maximal sep-
arability in the initial latent space, formally defined as:

C® =lc1,¢9,...,en, )" € RV Xdin st CcR(CONT =1y, (1)

where I, denotes the identity matrix of size Ng, d;,, denotes predefined input
dimension of latent prompts. All orthogonal codes remain frozen during training.

To bridge these latent priors with visual semantics, the framework employs
a globally shared hypernetwork @ to transform the prompts C*) into dynamic
anchors, which serve as geometric targets for the image features z extracted by
the encoder F(-;8f). To mitigate feature instability from scanner artifacts, we
constrain the interaction space to a unit hypersphere by performing Lo, normal-
ization on both z and generated anchors. A globally shared hypernet &(-;6},)
transforms individual rows ¢; from C*) into high-dimensional dynamic anchors:

W; = @(Cl, Gh) = 02 (LN (WQ c01 (LN (Wl - ci + bl)) + bg)) ; (2)

where w; € RP represents the generative discriminative anchor for the i-th class,
and {Wy, Wy, b1,b2} C 6, are the learnable meta-parameters. The predictive
distribution follows a temperature-scaled softmax function:

ole) = —SPCC)/T) 5

221 exp((s(z,w5)/7)

where s(+, -) denotes cosine similarity. This hyperspherical projection ensures hy-
pernet learns a consistent geometric dictionary, mapping morphologically similar
categories into proximal regions irrespective of institutional labels. During the
generalization phase, a new orthogonal prompt C(*#79¢%) is initialized for unseen
domain categories, enabling the pretrained @ to synthesize task-specific anchors
for rapid fine-tuning with minimal semantic alignment.

3.3 Geometric Consistency Regularization

While the generative anchors established in GASD provide class-specific geo-
metric centers, relying solely on point-to-point alignment is insufficient to shape
a robust manifold. To consolidate feature-anchor alignment and stabilize op-
timization under batch size limitations, We introduce a geometric consistency
regularization. A first-in-first-out memory bank M serves as a dense proxy for
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the global distribution, contrasting the current sample against historical nega-
tives. The loss function is formulated as:

exp(s(z,w™)/T)
re{wt PUpeg UM exp(s(z,7)/7)’

ﬁgcR = — log Z (4)

where w is the positive anchor. The negative set R integrates intra-task negative
anchors (2,6, = {w; | j # y} and historical embeddings from M.

By maximizing the margin between the aligned feature z and this comprehen-
sive set of geometric pivots, the objective compels the encoder to learn a compact
and low-entropy representation. Crucially, by enforcing geometric uniformity lo-
cally, this objective prevents client encoders from overfitting to highly disparate
local label definitions. Such structural alignment ensures that the server aggre-
gates feature extractors with a compatible geometric foundation, thereby yield-
ing a robust global model poised for explicitly reliable and effective fine-tuning
on unseen target domains.

4 Experiments

4.1 Implementation Details

We implement FedGMA using PyTorch and conduct training on a single NVIDIA
RTX 4090D GPU. For evaluation, we extract patch-level embeddings using an
ImageNet-pretrained ResNet50 [5,/17] and aggregate them via an ABMIL [7]
backbone. Each center partitions its data into training, validation, and testing
sets at a 7:1:2 ratio. Under the leave-one-domain-out protocol, source clients
utilize the 70% and 10% splits for local optimization and early stopping respec-
tively, whereas the unseen target domain employs the 10% split as a support set
for fine-tuning and the remaining 90% as a query set for evaluation. The tem-
perature coefficient 7 is fixed at 0.07 to calibrate the discriminative sharpness
and the memory bank M holds 32 samples.

Federated training is performed for 20 communication rounds, with each
client executing 20 local epochs per round. We utilize the SGD optimizer with
a learning rate of le — 4 and a weight decay of 5e — 3. Subsequent fine-tuning
rapidly adapts the global model for 10 epochs. All experiments are conducted
under fixed random seeds and settings for fair comparison.

4.2 Performance Analysis and Component Evaluation

Comparison with State-of-the-Arts Methods. We compare FedGMA with
several state-of-the-art methods, including general federated learning paradigms
(FedAvg [16], FedProx |13], MOON |[11]), domain generalization methods (Fe-
dAvg w/RSC (6|, FedDA |24]), and personalized approaches (FedProto [20],
FedAdapterProto [20]), alongside an Only-finetune baseline trained solely on
target data. As shown in Table [} each column represents the result when the
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corresponding cancer type acts as the unseen target domain. We report AUC as
the primary metric.

Standard FL methods struggle with label heterogeneity, performing compa-
rably to Only-finetune at approximately 69.47% average AUC. While DG meth-
ods like FedAvg w/RSC demonstrate slight improvements, their performance
is hampered by semantic misalignment. Similarly, prototype-based approaches
such as FedAdapterProto raise the average AUC to approximately 71.5%, but
remain constrained by the lack of explicit geometric regularization. In contrast,
our method achieves a superior 76.42% average AUC, consistently outperforming
the second-best method across all eight target configurations.

Table 1: Results on the benchmarks under the FedDG setting. The best results
are highlighted in bold, and the second-best results are underlined. T indicates
statistically significant difference compared to FedGMA (p < 0.01, Wilcoxon
signed-rank test).

Method ‘BRCA NSCLC TGCT BLCA RCC UCEC THCA ESCA‘ Avg.
Only-finetune’ | 69.87 75.03 77.76 52.71 84.19 55.08 62.73 78.40 | 69.47

FedAvg' 75.98 74.33 77.14 51.83 82.35 54.78 64.19 76.71| 69.66
FedProx' 75.97 74.53 76.85 51.72 81.72 54.66 67.60 77.46| 70.06
MOONT 75.98 74.33 76.47 51.83 82.77 54.78 64.19 76.71| 69.63
FedAvg w/RSCT | 76.21 73.56 76.31 50.99 83.33 55.00 65.00 77.37| 69.72
FedDA' 74.76 74.09 76.72 51.02 82.87 55.95 64.24 75.90 | 69.44

FedProto! 75.97 73.58 76.58 51.28 81.91 55.01 62.66 77.61| 69.32
FedAdapterProtof| 71.45 77.63 78.05 51.90 87.67 56.14 70.74 78.09| 71.46

FedGMA* 76.59 76.77 78.25 53.26 86.05 58.04 67.08 79.97 | 72.00

FedGMA 77.67 7T7.78 79.58 59.74 91.42 64.61 71.52 89.02|76.42
FedGM A* means FedGMA w/o GCR

Number of WSls

uceCADC
ucEC SN

BRCA NSCLC TGCT BLCA RCC UCEC THCA ESCA (a) FedAVg (b) Ours

Fig.2: Data composition across eight Fig.3: Heatmap comparison of anchor
cancer types. similarity across domains.
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Ablation Study. To evaluate the individual contribution of the key modules,
we conducted an incremental analysis as shown at the bottom of Table [l When
the framework utilizes only GASD, denoted as ours w/o GCR, it already achieves
an average AUC of 72.00%, outperforming existing federated paradigms. This
result confirms our hypothesis that generating dynamic anchors from latent
prompts effectively circumvents the conflicts inherent in coupled classification
heads. The full version of our framework further integrates GCR, boosting aver-
age AUC to 76.42%. In summary, the synergy between GASD and GCR enables
effective pan-cancer knowledge leverage, establishing a new benchmark for fed-
erated domain generalization in pathology.

Interpretability of Cross-Domain Semantic Coordination. To examine the inter-
nal classification logic, we visualize the similarity heatmap of generated anchors
using z-score normalization. As shown in Figl3] using UCEC as the target do-
main to visualize client anchors, our framework exhibits structured geometric co-
ordination absent in the fragmented space of the FedAvg baseline. A significant
finding is the convergence of adenocarcinoma subtypes across organ sites, where
BLCA-ADC and ESCA-ADC are mapped into highly proximal latent regions
despite disjoint label sets. This coordination suggests that the hypernet has cap-
tured invariant histomorphological primitives such as glandular structures. Fur-
thermore, the geometric isolation of RCC (KIRC, KIRP, KICH) demonstrates
that the decoupling mechanism maintains high specificity for unique pathologi-
cal patterns. These results confirm that our framework unifies the classification
space by grounding it in universal morphological descriptors.

Domain: THCA Domain: BLCA Domain: RCC
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Fig. 4: KDE Comparison of Geometric Feature Distribution on Unseen Domains

Analysis of Geometric Feature Distribution. We further evaluate representa-
tional precision on unseen test domains to verify the capture of invariant patho-
logical primitives. A generalized model is expected to yield features highly aligned
with generated anchors which manifests as sharp and high-confidence distribu-
tions. Evidence from Fig[] and Table [2| indicates that FedGMA consistently
shifts positive distributions toward the high-logit regime. Consequently, the mean
alignment magnitude M,,s = E[s(z;,w™)/7] reaches significantly higher levels
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Table 2: Quantitative characterization of the feature distributions visualized in
Fig.4 across eight unseen target domains. | indicates lower is better, 1 indicates
higher is better.

BRCA NSCLC TGCT BLCA RCC UCEC THCA ESCA

Ugos 8.82 1.44 247  12.28 8.04 590 11.67 3.12
Mpos 2.16 0.17 049 3.00 2.03 1.63 3.00 0.35

02.] 0.01, 0.16 ] 0.09 | 0.10 | 0.38 | 0.01 | 0.18 | 0.22 |
Mpes 1 12.15 1 11.09 1 4.81 1 11.21 1 10.50 1 6.64 1 10.11 1 8.25 ©

FedAvg

Ours

compared to the baseline, leveraging the features z and anchors w defined in
Sec.3.2. Simultaneously, the intra-class variance o2,, = E[(l; — Mpos)?] for in-
stance logits I; is drastically minimized, reaching 0.01 in the BRCA domain.
These high-alignment and low-variance statistics confirm that FedGMA effec-
tively suppresses representational noise to establish compact feature boundaries,

providing a solid geometric foundation for superior adaptation performance.

5 Conclusion

We propose FedGMA to address the challenges of federated domain general-
ization under heterogeneous label spaces in computational pathology. We first
construct a standardized multi-cancer benchmark comprising 4,796 WSIs across
eight disjoint label spaces. By introducing the GASD and GCR modules, we suc-
cessfully decouple the learning of invariant histomorphological primitives from
disparate local clinical semantics. Our framework leverages pan-cancer knowl-
edge to learn a universal feature encoder that generalizes across diverse organ
sites. Experimental results demonstrate that FedGMA significantly outperforms
existing methods.
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